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Abstract: One of the major problems in a Data Grid is the optimal distribution and replication of data
files in the Grid sites, in order to improve and maintain over time a high overall throughput of Grid jobs
that access files. Therefore, a Grid optimisation service [3] should be able to dynamically modify the
geographic distribution of data files, triggering file deletion and replication, according to the variation over
time of the sites (so called “data hot-spots”) where data is highly requested.

In this document we propose two prediction functions for evaluating the future usefulness (value) of data
files. These functions can be used by Grid sites to make informed decisions about whether or not to
replicate files locally. Both functions use for their prediction logs of file requests that jobs have submitted
to the site but assume different statistical models for the historic data.

We have performed some preliminary tests on the accuracy of these prediction functions using randomly
generated simulated file access patterns. We have compared the predicted values with the simulated
ones. It turns out that, over the performed tests, the two functions behave similarly and predict the
simulated values reasonably well.
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1. INTRODUCTION

In [2] we propose an approach, based on an economic model, for optimising file replication in a Data
Grid. In short, in the model there are two main classes of actors. Computing Elements (CEs) have the
goal of making data file available for access to Grid jobs on the site where they are executing. CEs try
to purchase the cheapest replicas of needed files by interacting, via an auction protocol, with Storage
Brokers (SBs) located in the Grid sites. SBs have the goal of maximising revenues they can obtain by
selling files to CEs or other SBs. In the economic model we make the assumption that the usefulness of
a file is proportional to the revenue a SB can obtain from it. SBs have to decide whether replicating a
file to the local site is a worthwhile investment. Since Grid sites have finite storage space, this could also
result in deleting other files.

In order to make a replication (and deletion) decision, SBs may use various strategies. In particular,
in [2] we propose the use of a prediction function that estimates the future revenue of a stored file based
on the past revenue of this file and of files with similar contents. In this paper we define two types of
such prediction function and present some experimental evaluation we have performed on them.

The document is organised as follows. Section 2. introduces the model of file requests that we assume
for the definition of the prediction functions, which are described in Section 3.. Section 4. presents the
preliminary results we have obtained using simulated file access pattern and finally Section 5. and 6.
briefly discuss replication strategies based on the prediction functions and how these can be tested in a
Data Grid simulator we are currently developing [4].

2. FILE REQUESTS AS A RANDOM WALK THE SPACE OF FILE IDENTIFIERS

During the execution of Grid jobs a SB receives a sequence of file requests, either from CEs or other SBs
that have been requested a file that they do not have. We make the following two assumptions on this
sequence.

Request arrivals with exponential distribution. As for many similar phenomena that have been stud-
ied in queueing theory, we can assume time intervals between two successive file requests being inde-
pendent random variables with exponential probability distribution of parameter τ.

Therefore, after each file request (e.g., arrived at time t0), the probability φ(t) that a new requests arrives
within the time interval t − t0 is given by

φ(t) = 1− e−τ(t−t0) (1)

where the decay rate τ represents the average number of requests in a time unit.

Sequential correlation between file requests. We assume that SBs receives over time file requests
that are sequentially correlated. This means that, given a file request, there is a great probability of
successive requests for files with similar content.

We can model content similarity by first defining the file space {F} as the set of all the potentially
requested files and the file-ID space { f} as a set, with the same cardinality as {F}, of file identifiers.
File identifiers are assumed to be integer positive numbers. We can then define content similarity as a
mapping M between { f} and {F} as follows. Assuming two file-IDs f1 and f2, the closer they are,
i.e. the smaller the difference | f2 − f1|, the higher is the expected relation between the contents of the
corresponding files F1 and F2

1.
1The definition of file content similarity in a Data Grid is still an open problem. Here we just give a definition of it that can

be used in the prediction functions we have defined.
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Given the assumptions above, we can represent the history of file requests as a random-walk in the space
{ f} of file identifiers. A random-walk consists of a sequence 〈 f i, i ≥ 0〉 of identifiers and is obtained
starting from an initial identifier f0 and adding a sequence 〈si, i > 0〉 of random walk steps, each of
which leads from fi−1 to fi, i.e. si = fi − fi−1, i > 0.

Each generic step s is an independent random variable which may assume values within the interval
[−S,+S] where 2S is the maximal difference between the identifiers of two successively requested files.
This way, we can model a symmetric random walk with variable step size.

Ttnt(n−1)t(n−2)t(n−3)t(n−4)t4t0 tt1 t2 t5

f0f0 f0 f0

21

f

t3

N−1

f0
N
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Figure 1: File access history as a random-walk in space { f} of file identifiers.

Figure 1 shows an example of random walk. Arrival times for file requests and corresponding file identi-
fiers are shown along the t and f axis respectively. In the example, the walk starts from file f0 (requested
at time t0) and covers n file requests over a time T . Among the n requests, file f0 is requested N times.

3. PREDICTION OF FUTURE FILE REVENUES

In [2] we define a function that calculates the revenue that a SB obtains over a (future) time period T by
selling a file F , a request for which is received at time tk. The value of the file is obtained summing up
the incomes the SB receives for F over T . Here we consider a simplified form of this function, defined
as

V ( f ,k,n) =
k+n

∑
i=k

δ( f , fi) (2)

The function V ( f ,k,n) calculates the revenue for the file F corresponding to the identifier f starting from
time tk and taking into account the next n file requests2 . Moreover, we consider unitary file prices and
thus within the sum there is only the Kronecker delta function3 between identifiers f and fi. Equation (2)
states that V ( f ,k,n) is given by the number of times file f will be requested during the next n requests,
starting from request k.

2Note that the domain of V ( f ,k,n) is the set { f} of file identifiers. In the following we will sometimes use the term file when
it would be more correct to use the term file identifier. However, it is clear that we will always refer to the file corresponding to
the file identifier.

3Kronecker delta is defined as:

δ( fi, f j) =

{

0 if fi 6= f j
1 if fi = f j
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In order to estimate V ( f ,k,n) we have to predict how many times the file f will be requested over the
next period of time considered. We use a simplified version E[V ( f ,k,n),r] of the prediction function
defined in [2]. The index r indicates that estimation is made on the basis of the r file requests received
by the SB before the request for file f .

3.1. DEFINING THE PREDICTION FUNCTION

Our goal is now to obtain an analytical form for E[V( f ,k,n),r]. Based on the latest r observed requests,
E[V( f ,k,n),r] should provide a good estimation for the number N of requests for file f that are going to
be received among the next n file requests.

As stated in Section 2., file access history can be represented as a random-walk in the space { f} of file
identifiers, consisting of a sequence 〈 fi, i ≥ 0〉 of identifiers starting from an identifier f0. In order to
perform calculations and get to an explicit form for the evaluation function E[V ( f ,k,n),r] we choose
a particular shape for the probability distribution of a generic s, which represents the step between two
successive identifiers in the random walk.

3.1.1. PREDICTION FUNCTION BASED ON A BINOMIAL DISTRIBUTION

Here, we assume that a generic step s in the random-walk is a discrete random variable with binomial
distribution4 .

We can thus imagine for each s a distribution like in Figure 2. Such a function is obtained by using a bi-
nomial distribution, making it symmetric and centring it on zero. This allows us to consider a symmetric
random-walk with integer random step size, always belonging to the interval [−S,S]. Moreover, we can
model the fact that once a file has been requested, it is the most probable requested file in the next step
of the random walk.

−3 −2 −1 +1 +2 +3 s

p(s)

1/64

6/64

15/64

20/64

15/64

6/64

1/64

0

Figure 2: Binomial distribution centred on zero and with S = 3.

4The binomial (or bernoullian) distribution returns the probability p(k) to obtain k successes performing n independent trials
of a certain test when the probability of success of each single trial is q. It is given by:

p(k) =

(

n
k

)

qk(1−q)n−k 0 ≤ k ≤ n

In case q = 1/2 the distribution is symmetrical around its central value n/2.
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The definition of the distribution p(s), its mean value s̄ and its standard deviation σs are given by

p(s) =
1

22S

(

2S
s+S

)

, s̄ = 0, σs =

√

S
2

(3)

For example, with reference to Figure 2, the probability of s = −1 is given by

p(−1) =
1

22∗3

(

2∗3
−1+3

)

=
15
64

(4)

Each identifier fi represents the file requested at the i-th step in the random-walk and is obtained starting
from the initial identifier f0 and following the path through the first i steps of 〈si〉. Thus we can write

fi = f0 +
i

∑
j=1

s j (5)

Since each s j is an independent random variable with symmetric binomial distribution, each generic f is
also a random variable with the same distribution. Its mean value and standard deviation are given by

f̄ = f0, σ f =

√

iS
2

(6)

We can now find a simple expression for the probability distribution of f . The value s in (3) can be
regarded as the sum of 2S values chosen independently, with a probability q = 1/2, within the set
{−1/2,+1/2}5 . The sum at right hand in (5) may therefore be interpreted as the sum of 2iS values
chosen (independently and with probability p = 1/2) from {−1/2,+1/2}. That sum represents the net
movement from initial the position f0 to the final position fi.

Setting the mean value of f equal to f̄ 6 instead of f0, the probability p( f ) of receiving a request for file
f at step i is given by

pi( f ) =
1

22iS

(

2iS
f − f̄ + iS

)

, | f − f̄ | ≤ iS (7)

Let us imagine now to have a number R of sequences of file requests each containing n requests and each
starting from the same position f̄ . If by ri( f ) we mean the number of times file f has been requested at
step i through the R sequences, then the ratio

ri( f )
R

(8)

will approximate to pi( f ) for increasing R.

Summing up all terms ri( f ) for i going from 1 to n, i.e., ∑n
i=1 ri( f ), we obtain the total number of times

that file f has been requested during the R sequences (a total of nR requests). Dividing this sum by R,
we get the average number of requests for f in a single sequence. This value is equal to the sum of all
terms like (8) (for i going from 1 to n) and represents the most probable number of times file f will be
requested during the next n requests, which is exactly the evaluation E[V ( f ,k,n),r] we are looking for.
Assuming that pi( f ) is the best estimation of (8), we can write

E[V( f ,k,n),r] =
n

∑
i=1

pi( f ) (9)

Note that the dependence on r, i.e. the number of requests received in the last period, for the right hand
term is hidden within the definition of parameters f̄ and S appearing in (7) as we will see below.

We finally define the parameters n, f̄ and S.
5Note that the sum of an even number of such values always leads to an integer value ranging from −S to +S.
6Later it will be discussed how to fix this value.
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n First of all we have to fix a time interval T ′ in the past that serves as the basis for our estimation.
Then T be the future interval for which we intend to do the prediction. So, r is the number of
requests received in the last period of length T ′. By assuming that the arrival rate of requests will
stay the same, n is obtained by:

n = r
T
T ′ (10)

Obviously if T = T ′ then n = r.

S We want to give an estimation of the width S on the basis of the past. Suppose going backward in
time from t0 to t−r. Doing a reverse random-walk and considering Equations (6) we can say that for
each j going from 1 to r, variable f− j should have a variance given by jS/2. The best estimation
we have for this variance is ( f0 − f− j)

2. Calculating a weighted average on these quantities we
obtain an expression for S:

S =
2
r

r

∑
j=1

( f0 − f− j)
2

j
(11)

f̄ The simplest way to fix a central value for our sequence of distributions on the basis of previous
requests is to do a weighted average among last r files requested where the weights decrease going
toward the past. That is, the more recently a file has been requested, the more important it is in
calculating f̄ .

It could be possible to not consider the history at all in choosing f̄ . In this case one can simply
decide to set all the weights equal to zero and thus f̄ = f0.

3.1.2. PREDICTION FUNCTION BASED ON A NORMAL DISTRIBUTION

If one decides to adopt the last perspective mentioned in Section 3.1. and thus not to take into account
the history to fix the starting point f̄ , then all the functions pi( f ) are centred on f̄ = f0. This will
always lead to decide in favour of replication, at least while file prices are supposed to be unitary. This
happens because in such a case only the estimated number of times a file will be requested in the future
is important. This is provided by the function in Equation (9) which always has its maximum in f̄ , being
(7) the form of pi( f ).

In order to address this problem, one might try to extrapolate the moving trend (in the space of file
identifiers) of future file accesses from previous ones. This can be done by:

• calculating the mean displacement s̄ in the latest requests, i.e. the mean value of the latest steps in
the random walk.

• supposing this mean displacement will stay the same in the next period;

• centring successive pi( f ), where i refers to the i-th step in the random walk, not on f0 but on
f0 + is̄, to follow the trend.

The first raising problem with such a procedure is that we need a distribution for f i (and for si as well)
which can be calculated even for non-integer values. The simplest choice is the Gaussian distribution
with the same standard deviation

√

iS/2.

The second problem, consequently, is that using a continuous distribution we cannot calculate the prob-
ability for a certain value of the variable f but we must consider an interval [ f − d, f + d], which gives
approximately the probability of receiving a request for files within the range of width 2d and centre in
f . So, considering the probability distribution p̃i( f ,d) defined by

p̃i( f ,d) =
1

σi
√

2π

∫ f +d

f−d
e−(x−is̄)2/2σ2

i dx, (12)
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where σi is σ fi as in Equation (6), we have, in obvious notation, a new prediction function

Ẽ[Ṽ ( f ,d,n),r] =
n

∑
i=1

p̃i( f ,d). (13)

To do a comparison between the two prediction functions, even the value that E should predict must be
changed. Thus it will not be anymore the number of times file f will be requested during the next n
requests but the number of requests for files within the range of width 2d and centre in f (in our notation
Ṽ ( f ,d,n)).

4. PRELIMINARY TESTS AND RESULTS

In this section we present preliminary tests for the prediction functions defined in (9) and (13). In order to
perform these tests, we first generated some sequences of file requests and thus obtained some random-
walks like the one in Figure 37. The figure shows a random-walk with about 1000 file requests for files
whose identifier is in the range [20,100]. In the following, we refer to these file requests as either real or
simulated.

Figure 3: Random walk describing simulated access pattern.

Given a certain position within the sequence of file requests, we calculated E[Ṽ ( f ,d,n),r] and Ẽ[Ṽ ( f ,d,n),r],
which give the prediction of the future number of requests for file f . In addition, we calculated the real
file value Ṽn( f ,d,n) by counting the number of times file f was requested from that position on. Iterat-
ing over a segment of the sequence we obtained a first qualitative evaluation of the performance of these
functions.

We performed two types of evaluation tests:

1. calculation of the average of the squared differences between predicted and real values over a
segment;

2. graphical representation of simulated and estimated values over a segment and comparison be-
tween these graphs.

7It could seem not very correct to test a prediction function, formulated conjecturing the access pattern to be a random
walk, by the use of a random walk test-set. In fact, it is a fairly lower constrain to suppose a random walk with general step
distribution rather than one with fixed step distribution, which is the case of the reasoning that led to our functions. This seems
to be a simple way to produce a set of data reflecting the characteristics the file accesses are supposed to have.
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The first type of test did not give significant results. We performed the test using some random-walks but
we could not find a prediction function for which the statistical measure was better than the other one.

The result of the second type of test performed over a sequence of simulated file requests is shown in
Figure 4. The figure compares the two prediction functions E[Ṽ ( f ,d,n),r] and Ẽ[Ṽ ( f ,d,n),r] (which
are based on the assumption that the file access pattern follows a binomial and a gaussian distribution,
respectively) and verify them against the real values obtained from the simulated file requests.

Figure 4: Progress of predicted values and real values over a sequence of file requests.

This graph shows that the two functions gives similar results and predict quite accurately the real values.
We also compared the two prediction functions using other sequences of simulated file requests and
came to the same conclusion. However, since we did not perform a sufficient number of experiments,
we cannot come to the conclusion that one prediction function is superior over the other one or that the
proposed prediction functions reflect accurately the actual pattern of file request.

5. REPLICATION STRATEGIES

When a SB is given the possibility to locally replicate a files, it can use various strategies to decide
whether or not this is the case. A winning strategy should be able to answer the question:

Given a finite storage space and some concrete access patterns, which files should be kept
and which ones should be deleted in order to optimise data locality and thus overall system
performance?

An example of a replication reasoning based on the prediction functions previously defined could be
the following. When a SB is given the possibility to buy a file f0, it calculates E[V ( f0,k,n),r] and
E[V( f ,k,n),r]8 for fixed r and n and for each f ∈ F , where F is the set of files that are stored in the
corresponding SE. If there is an f within F which verifies E[V ( f ,k,n),r] < E[V ( f0,k,n),r] then f is
replaced by f0.

Predicting the future value of a single file, as done in Section 4. is far beyond the actual scope of eval-
uating a winning replication strategy. We are currently analysing which replication strategies lead to
optimise Grid performance. This is done using a Grid simulator.

8We could also use Ẽ[Ṽ ( f ,n,d),r].
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6. TESTING REPLICATION STRATEGIES WITH A GRID SIMULATOR

Part of our research is currently to test the effectiveness of various replication strategies by using a Grid
simulator [4, 1]. This simulator behaves like a real multi-site Grid where a certain number of jobs are
scheduled to different Grid sites. These jobs request files querying (directly or indirectly) a number of
SBs, that in turn may or may not have the requested files. When a file is finally found, the involved SBs
make a decision about local replication of the file.

In order to evaluate different replication strategies we will measure some relevant parameters, still to be
defined, that give a sight of the overall performance of the simulated Grid. By running the simulation
for a certain (big) number of Grid jobs using various replication strategies we will be able to make a
comparison and thus to choose the most effective strategy.

One parameter that could be relevant for our evaluation is the total gain of SBs in the Grid at the end of
the simulation. This could be regarded as a measure of how good the replication policies have been. This
because of the following speculations, the verification of which is part of our future research:

• If the total gain of SBs is high this could mean that the total cost for transporting files (that is
charged to SBs) from one site to another is low. This, in turn, means that access to files has been
optimised.

• If the total gain is high this could also mean that high prices are paid for files. According to the
payment mechanism proposed in [2] this means that replicas were created only on strategic sites
without over-replication. In such a case, the number of replication processes has been minimised.
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